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Abstract A monthly time series of remotely sensed chlorophyll-a (Chlars) over the Louisiana continental
shelf (LCS) was developed and examined for its relationship to river discharge, nitrate concentration, total
phosphorus concentration, photosynthetically available radiation (PAR), wind speed, and interannual
variation in hypoxic area size. A new algorithm for Chlars, tuned separately for clear and turbid waters,
was developed using ﬁeld-observed chlorophyll-a (Chlaobs) collected during 12 cruises from 2002 to
2007. The new algorithm reproduced Chlaobs, with 40% and 60% uncertainties at satellite pixel level
for clear offshore waters and turbid nearshore waters, respectively. The algorithm was then applied to
SeaWiFS and MODIS images to calculate long-term (1998–2013) monthly mean Chlars estimates at 1 km
resolution across the LCS. Correlation and multiple stepwise regression analyses were used to relate the
Chlars estimates to key environmental drivers expected to inﬂuence phytoplankton variability. The Chlars
time series covaried with river discharge and nutrient concentration, PAR, and wind speed, and there
were spatial differences in how these environmental drivers inﬂuenced Chlars. The main axis of spatial
variability occurred in a cross-shelf direction with highest Chlars observed on the inner shelf. Both inner
(<10 m depth) and middle-shelf (10–50 m depth) Chlars were observed to covary with interannual variations in the size of the hypoxic (O2 < 63 mmol m23) area, and they explained 70 and 50% variability in
interannual hypoxia size, respectively.

1. Introduction
The Louisiana continental shelf (LCS) is a dynamic and productive ecosystem supporting valuable commercial and recreational Gulf ﬁsheries. The region is also well known for its annually occurring bottom water
hypoxia, which has been monitored since 1985, and comprises an average area of 13,600 km2, based on
late July surveys conducted from 1985 to 2010. This is the second largest hypoxic area in the coastal ocean
[Rabalais et al., 2007, 2010]. In reaction to LCS hypoxia, the Mississippi River Watershed/Gulf of Mexico
Hypoxia Task Force has published Hypoxia Action Plans in 2001 and 2008 that set goals to reduce the
5 year running average Gulf’s hypoxic zone to less than 5000 km2 by 2015.
There are two principal processes that contribute to the development and maintenance of hypoxia on the
LCS: (1) physical stratiﬁcation of the water column that prevents oxygen replenishment from the atmosphere and (2) oxygen-consuming decomposition of organic matter (mainly phytoplankton detritus) in bottom waters. Both the effects of physical stratiﬁcation [Hetland and DiMarco, 2008; Obenour et al., 2012] and
nutrient-phytoplankton dynamics [Walker and Rabalais, 2006] have been implicated in the formation of
hypoxia. However, quantifying the role of phytoplankton has been difﬁcult due to the lack of a long-term
phytoplankton time series record. Thus, establishing a long-term chlorophyll-a time series and examining
the environmental factors related to its variability can improve our understanding of the linkages between
nutrient loading and hypoxia on the LCS.
Satellite remote sensing can be a powerful tool for studying water quality associated with eutrophication
(e.g., phytoplankton biomass, light attenuation, and turbidity) over large areas with the beneﬁt of synoptic
coverage and relatively high temporal resolution [Sathyendranath et al., 2004; Harding et al., 2005; Chen
et al., 2007a, b; Schaeffer et al., 2011]. Images provided by satellite ocean color sensors such as the MODIS
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(Moderate Resolution Imaging Spectroradiometer,
1999–present for Terra,
2002–present for Aqua) and
SeaWiFS (Sea-viewing Wide
Field-of-view Sensor, 1997–
2010) are critical in ocean
observations as they provide
frequent (daily) and spatially
synoptic data. However,
deriving reliable estimates
of chlorophyll-a in coastal
Figure 1. Louisiana shelf study domain (28 N–30 N and 94 –89 W) with observed chlorophyllwaters is difﬁcult because of
a (Chlaobs) sampling stations (1) used for algorithm development and validation of remotely
the complex optical propersensed chlorophyll-a (Chlars). Black lines depict the Louisiana shoreline and dashed lines repreties in these areas, which
sent isobaths at 10, 50, 100, and 1000 m. The lower Mississippi River and Atchafalaya River are
labeled. For spatial analyses, we deﬁned the shelf area with depths less than 10 m as inner shelf,
can confound the developthe area with depths from 10 to 50 m as middle shelf, and the area with depths greater 50 m as
ment of reliable algorithms.
outer shelf.
The optical properties of
coastal waters are often dominated by nonphytoplankton constituents, such as suspended sediments, colored dissolved organic matter (CDOM), and detrital particles. Consequently, the chlorophyll-a algorithms
developed for open ocean waters (e.g., OC3 for MODIS and OC4 for SeaWiFS, and now OCI for both) [O’Reilly
et al., 2000; Hu et al., 2012; also see review by Hu and Campbell, 2014] will have high uncertainties in turbid
coastal waters [Chang and Gould, 2006; Le et al., 2013a; Werdell et al., 2009]. For example, previous work on
the LCS demonstrated that the OC4 algorithm has high uncertainty in chlorophyll-a estimation due to
CDOM absorption in the blue band [D’Sa and Miller, 2003; D’Sa et al., 2006]. While several researchers have
used in situ observations to empirically calibrate bio-optical algorithms for this area [D’Sa et al., 2006; Green
and Gould, 2008], none of these algorithms used distinct optical algorithms in inner shelf and outer shelf
areas (e.g., CDOM-dominated optical properties in the inner shelf and phytoplankton-dominated optical
properties in the outer shelf). Then, in order to establish a long-term time series of chlorophyll-a record,
an algorithm considering bio-optical property variations is needed to improve the accuracy of chlorophyll-a estimates derived from satellite observations over waters covering both the inner and outer
shelves.
Thus, the goals of this study were to: (1) develop a new algorithm to derive remotely sensed chlorophyll-a
(Chlars) from satellite imagery of the LCS spanning different water types; (2) investigate factors that contribute to variability in Chlars; and (3) analyze the relationships between Chlars and hypoxia. First, we used ﬁeld
observations to calibrate and validate a chlorophyll-a algorithm for MODIS and SeaWiFS on the LCS. Next,
we applied the algorithm to the 16 year (1998–2013) satellite data record available for the LCS to generate
monthly Chlars time series. Then, we inspected potential environmental drivers inﬂuencing Chlars variability
using correlation and stepwise multiple regression analyses. Finally, we examined the relationship between
Chlars and hypoxia size for the 16 year period.

2. Materials and Methods
2.1. Field Observations
Chlorophyll-a samples were collected from the LCS (Figure 1) during 12 cruises from 2002 to 2007
(December 2002; March, June, and September 2003; April 2004; March and September 2005; April,
June, and September 2006; April and August 2007). Surface water samples were collected from
approximately 1 m depth in 10 L Niskin bottles, processed by ﬁltering onto GF/F ﬁlters, and frozen
(270 C) for analysis. In the laboratory, the chlorophyll-a was extracted from the ﬁlters with 90%
methanol and sonication and measured on a Turner Designs Model TD 700 ﬂuorometer [Welschmeyer,
1994]. Patterns in phytoplankton biomass and production from these cruises have been reported previously [Lehrter et al., 2009; Murrell et al., 2013a]. The observed chlorophyll-a (Chlaobs) data set
(n 5 748 stations) was used with near-concurrent (61 d) MODIS and SeaWiFS images to develop a
hybrid algorithm for estimating Chlars.
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2.2. Satellite Data
Daily SeaWiFS and MODIS
(Aqua level-2) data were
downloaded from the NASA
website (http://oceancolor.
gsfc.nasa.gov/) in September
2013. These images were
reprocessed using the SeaWiFS Data Analysis System
software (SeaDAS, Version
7.0). The SeaWiFS data
spanned the period of September 1997 to December
2010 while the MODIS data
spanned the period of July
2002 to September 2013.
The 1 km resolution data
products included the
remote sensing reﬂectance,
Rrs(k), in every spectral band
(MODIS bands at 412, 443,
488, 531, 547, 667, and
678 nm; SeaWiFS bands at
Figure 2. (a) SeaWiFS red-green-blue (R: 670 nm, G: 555 nm, B: 443 nm) image (land mask is
412, 443, 490, 510, 555, and
black) acquired on 11 October 2007; (b) SeaWiFS remote sensing reﬂectance (Rrs) at the three
670 nm), and the various
stations indicated in Figure 2a.
quality control ﬂags (e.g.,
clouds, atmospheric correction warning, stray light, etc.). Rrs(k) were extracted for locations and times that
matched Chlaobs samples using computer routines written in the Interactive Data Language (IDL). This data
set was used to calibrate and validate a local optimal algorithm and to establish a long-term Chlars time
series from January 1998 to September 2013. Details of the algorithm calibration and ﬁeld-satellite data
matching methods have been presented previously [Le et al., 2013b]. Brieﬂy, a time window of 61 d was
used, and a median value from a 333 pixel box centered at each sampling site for Chlaobs was used to ﬁlter
sensor and algorithm noise. Comparisons between Chlars and Chlaobs were only made when the number of
valid pixels (i.e., after discarding pixels that failed various quality control ﬂags) in the 3 3 3 box was >4 and
the coefﬁcient of variation (CV) among pixel values was <0.4.
2.3. Algorithm Calibration
The optical properties of the LCS waters exhibited signiﬁcant variations from outer shelf to inner shelf (Figure 2a). Visually, the ocean color ranged from light blue on the outer shelf (St. 1) to dark green on the middle shelf (St. 2), and to bright green on the inner shelf (St. 3). The outer-shelf Rrs spectrum (Figure 2b)
exhibited typical open ocean characteristics, where Rrs decreased with increasing wavelengths from the
blue (412 nm) to the red (670 nm). The Rrs spectrum from the middle shelf was similar to the outer shelf,
but with a reﬂectance peak at 490 nm (or 510 nm for some SeaWiFS images). From the inner shelf, the Rrs
spectrum showed a reﬂectance peak at 550 nm (or 531 nm from some MODIS images), typical for turbid
waters. Using these distinctive patterns in optical properties, we developed a separate algorithm for each
Rrs class described above. During algorithm construction, we tested various band ratios and found that a
band ratio of Rrs(550)/Rrs(490nm) had the best ﬁt to Chlaobs on the outer and middle shelf, while Rrs(670)/
Rrs(510nm) (Rrs(667)/Rrs(531) for MODIS) had the best ﬁt to Chlaobs on the inner shelf. Thus, we identiﬁed
two classes of Rrs spectra. The classes were
Class 1 : Rrsð490Þ  Rrsð550Þ;

(1)

Class 2 : Rrsð490Þ < Rrsð550Þ:

(2)

We used Rrs(550)/Rrs(490nm) (Rrs(547)/Rrs(488) from MODIS) for Class 1 and used Rrs(670)/Rrs(510nm)
(Rrs(667)/Rrs(531) for MODIS) for Class 2 to derive the algorithm coefﬁcients. Finally, the local hybrid
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algorithm, with separate algorithm forms and coefﬁcients for SeaWiFS and MODIS, was developed for the
LCS as
For SeaWiFS:
Class 1 water : Chlars 51:21  ½Rrsð550Þ=Rrsð490Þ1:91 ;

(3)

1:93

(4)

Chlars 51:21  ½Rrsð547Þ=Rrsð488Þ1:91

(5)

Class 2 water : Chlars 515:6  ½Rrsð670Þ=Rrsð510Þ

For MODIS:
Class 1 water :

Class 2 water : Chlars 528:6  ½Rrsð667Þ=Rrsð531Þ

1:81

:

(6)

Note that the deﬁnition of the two water classes was based on each individual pixel within each image and,
thus, their spatial distributions may vary between images.
2.4. Environmental Data Set
In relation to Chlars, we examined several physical and chemical environmental forcing variables, including river
discharge with 0–1 month lags, wind speed, sea surface temperature (SST), photosynthetically active radiation
2
(PAR), and river nitrate (NO2
3 1NO2 ) and total phosphorus concentration (TP). River discharge data were
acquired from the U.S. Army Corps of Engineers (USACOE) at Tarbert Landing, Mississippi on the Mississippi River
(USACOE gage ID 01100), and at Simmesport, Louisiana on the Atchafalaya River (USACOE gage ID 03045). We
calculated the combined average monthly discharge from daily ﬂow estimates at these two stations over the
period of record. Monthly mean wind speed was calculated from hourly measurements from the National Data
Buoy Center (NDBC) at a station near the main Mississippi River outﬂow at Southwest Pass (BURL1). Due to missing data, monthly mean wind speed could only be calculated for 88% (165 months) of the 16 year study period.
Spatially explicit (32 km resolution) SST and PAR gridded data (32 km resolution) were obtained from NOAA
(www.esrl.noaa.gov) and were interpolated to the 1 km grid used for SeaWiFS and MODIS data. Monthly nitrate
and TP concentrations were calculated as the quotient of nutrient loads and discharge similar to previous studies [Greene et al., 2009], where the monthly nitrate and TP loads were obtained from the USGS (http://toxics.
usgs.gov/hypoxia/mississippi/nutrient_ﬂux_yield_est.html). The area of hypoxia size data from late July surveys
from 1998 to 2013 were obtained from the Louisiana Universities Marine Consortium (www.gulfhypoxia.net).
2.5. Data Analyses
The hybrid algorithm was applied to daily MODIS and SeaWiFS imagery over the Louisiana shelf. For the
period when concurrent data were available from both satellites, we averaged SeaWiFS and MODIS data.
The daily data products were used to generate monthly and annual composites on a pixel by pixel basis. To
characterize dominant spatial patterns on the LCS, observed and remotely sensed data were spatially
grouped into inner shelf (<10 m depth), middle shelf (10–50 m depth), and outer shelf (>50 m depth)
regions (Figure 1). Monthly and annual mean Chlars were calculated for these spatial regions using all the
pixels in the study area matching the depth criteria deﬁning the regions. Similar cross-shelf spatial schemes
have been justiﬁed based on spatial patterns in hydrography and biogeochemical processes [Lehrter et al.,
2012, 2013]. The time series of monthly Chlars for the inner, middle, and outer shelf were further used as
dependent variables in multiple regression analyses to investigate relationships to the environmental forcing data set (independent variables). To analyze spatial variations in forcing, Pearson correlation coefﬁcients
(r) for the monthly Chlars time series and the monthly environmental forcing data were calculated for each
individual pixel. Correlation and regression analyses involving wind speed used only the 165 months available, while for other variables the entire time series was used. Finally, the monthly Chlars from the inner and
middle shelf areas were used as independent variables in regression equations to assess relationships
between Chlars and mid-summer hypoxic area. Differences in spatial and temporal patterns were tested by
ANOVA. All statistical analyses were judged with the signiﬁcance test at a 5 0.05.

3. Results
3.1. Chlorophyll-a Variations and Algorithm Performance
Large spatial and temporal variability in Chlaobs was observed on the LCS during the 12 cruises. Chlaobs
ranged from 0.07 to 55.7 mg m23, with an overall mean (6standard error) of 3.9 6 0.21 mg m23. Spatially,
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Figure 3. Observed chlorophyll-a (Chlaobs) from the Louisiana shelf versus remotely sensed chlorophyll-a (Chlars) obtained from the hybrid
algorithm applied to (a) SeaWiFS and (b) MODIS (triangles represent Class 1 and diamonds represent
X Class 2 waters). Error statistics shown
absðy2x Þ=x100%), and the root
are the coefﬁcient of determination for the regression ﬁt (R2), the mean relative error (MRE5 N1 
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
X
mean square error (RMSE5 1=N
½ðy2xÞ=x2  100%, where x represents measured data, y represents satellite-derived data, and N is
the number of observations that could be compared directly to satellite data.

Chlaobs was much higher on the inner shelf (12.25 6 0.56 mg m23) than middle shelf (2.42 6 0.06 mg m23)
and outer shelf (0.37 6 0.01 mg m23). Temporally, average Chlaobs in later winter and early spring (mean
from December to March: 4.96 6 0.35 mg m23) was higher than that in summer and fall (mean from June
to October: 2.64 6 0.19 mg m23).
The variability of Chlaobs was captured by the new hybrid algorithm (Figure 3). The hybrid algorithm outperformed the default OC3 and OC4 algorithms developed for MODIS and SeaWiFS, respectively. In comparison
to Chlaobs, for Class 1 waters,
the hybrid algorithm yielded
uncertainties (root mean
square error, RMSE) of 44.1%
for SeaWiFS and 38.5% for
MODIS, as compared with 78.0
and 58.7% for the OC3 and
OC4 algorithms, respectively.
For Class 2 waters, the algorithms yielded uncertainties of
62.2% for SeaWiFS and 66.9%
for MODIS, as compared with
121.3% and 127.3% from the
OC4 and OC3 algorithms,
respectively.

Figure 4. Chlars distribution derived from (a) SeaWiFS and (b) MODIS on 11 October 2007
using the hybrid algorithm. Gray represents clouds. The corresponding true color image is
shown in Figure 2a.
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both SeaWiFS and MODIS data
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were available, the two sensors yielded
unbiased percent difference (UPD) of
15.9% for inner shelf waters, and 26.1%
for middle shelf waters. The main source
of the UPD was from the different numbers of available daily images in a given
month for MODIS and SeaWiFS.
Applying the algorithms to all available
SeaWiFS and MODIS data from January
1998 to September 2013, we calculated
annual mean and monthly mean Chlars.
The mean climatology of Chlars (Figure 6a)
showed the spatial pattern of high Chlars
on the inner shelf (climatological annual
mean 12.65 6 0.21 mg m23), lower on the
middle shelf (1.98 6 0.72 mg m23), and
Figure 5. Comparison of monthly mean Chlars derived from MODIS and Sealowest on the outer shelf (climatological
WiFS for inner shelf and middle shelf X
areas using the hybrid algorithms. UPD
(unbiased percent difference) 5 1/N*
½absðx2yÞ=ðx1yÞ200%.
annual mean < 0.5 mg m23). Chlars on the
inner shelf exhibited the most interannual
variability, with anomalies ranging from 23 to 13 mg m23 (Figures 6b–6p). Interannual anomalies were the
smallest on the outer shelf, typically <0.5 mg m23.
The lowest annual mean Chlars occurred in 2000, with values of 10.4 6 0.69 mg m23 on the inner shelf, and
1.2 6 0.11 mg m23 on the middle shelf (Figure 7a). In this year, both river discharge and nitrate concentration
were relatively low (Figure 7b). The highest annual mean Chlars on the inner shelf occurred in 2009, with values of 14.4 6 1.2 mg m23, and on the middle shelf occurred in 2008, with values of 2.76 6 0.24 mg m23. Chlars
on the inner shelf and middle shelf also exhibited obvious seasonal variations (Figure 8a). Highest Chlars
always occurred in late winter to early spring, with peak Chlars often observed from December to March. The
lowest Chlars occurred in summer.
3.2. Factors Regulating Chlars
Interannual and monthly variations in Chlars were primarily related to river discharge. A signiﬁcant relationship was found between annual mean Chlars and river discharge on the inner shelf (R2 5 0.66, p < 0.01) and
middle shelf (R2 5 0.61, p < 0.01). Mean monthly river discharge (Figure 8b) was also observed to be related
to mean monthly inner shelf Chlars (R2 5 0.20, p < 0.01, n 5 185) and middle shelf Chlars (R2 5 0.44, p < 0.01,
n 5 185) (Table 1). Weak, but signiﬁcant relationships, were observed between monthly mean river TP concentration (Figure 8c) and Chlars on the inner shelf (R2 5 0.13, p < 0.01, n 5 185) and middle shelf (R2 5 0.09,
p < 0.01, n 5 185). However, signiﬁcant relationships were not observed between monthly mean riverine
nitrate concentration (Figure 8c) and Chlars for the inner shelf (p 5 0.25, n 5 185) or middle shelf (p 5 0.057,
n 5 185).
The spatial variability in the environmental forcing of Chlars was examined using correlation analysis. Correlation coefﬁcients were calculated for every pixel over the study area (Figures 9a–9f) to identify the spatial
variation of driving factors. The results showed that the environmental forcing factors were different for the
east (east of 91.0 W) and west (west of 91.0 W) parts of the LCS. River discharge was positively correlated
with monthly mean Chlars on the inner shelf and middle shelf, but it was not correlated in waters further
west and on the outer shelf. The area around the Mississippi River plume showed the highest correlation
coefﬁcients (r > 0.8), which decreased from east to west, with r < 0.1 for waters further west and offshore
(Figure 9a). Wind speed (Figure 9b) was negatively correlated with monthly mean Chlars around the Mississippi River plume area jrj > 0:5, but positively correlated with Chlars on the outer shelf and western middle
shelf. PAR (Figure 9c) was positively correlated with Chlars around the Mississippi River plume area, but negatively correlated with Chlars on the western LCS. The r values ranged from about 0.6 near the Mississippi
River plume area to 20.8 further west outer shelf. SST (Figure 9d) had a negative correlation with Chlars
over almost all the LCS, with the strongest correlations (r 5 20.8) in the Atchafalaya River plume region.
Nitrate concentration (Figure 9e) had a signiﬁcant positive correlation with Chlars in the Mississippi River
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Figure 6. (a) Climatological annual mean Chlars (units are mg m23 as shown in the color bar) on the Louisiana shelf for 1998–2012. (b–p) Annual mean Chlars anomaly (5annual mean –
climatological mean) from 1998 to 2012. The 10 and 50 m isobaths are shown in Figures 6b–6p.

plume area, and a negative correlation in the western offshore area. No signiﬁcant correlation was found
between monthly Chlars and river nitrate concentration in the western inner shelf or middle shelf. TP concentration (Figure 9f) exhibited signiﬁcant positive correlation with monthly mean Chlars on the inner shelf
and middle shelf, but no signiﬁcant correlation on the outer shelf.
A stepwise multiple regression model was developed to describe Chlars variability on the inner shelf and
middle shelf based on the variables in Figure 9. Only signiﬁcant variables (p < 0.05) were retained in the
multiple regression model. The stepwise procedure selected the variables of river discharge, TP concentration, and PAR as important predictors of monthly mean Chlars for the inner shelf, and only selected river discharge and PAR as predictors for the middle shelf. Nitrate concentration, SST, and wind speed had no
signiﬁcant effect on the prediction result for these areas. Table 1 shows the regression results with different
independent signiﬁcant variables for inner shelf and middle shelf water. Figure 10 presents the comparison
between Chlars and predicted Chlars using Model 3 and Model 5 in Table 1 for inner shelf and middle shelf,
respectively. Modeled and satellite-observed monthly mean Chlars agreed very well with each other, with
MRE (mean relative error) 10% on inner shelf and 20% on middle shelf, and with RMSE 15% on inner
shelf and 25% on middle shelf. The gap between the inner and middle shelf results in Figure 10 is indicative of the cross-shelf difference in Chlars.
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3.3. Relationship Between
Chlars and Hypoxia
Figure 11a presents the correlations of monthly mean
Chlars from January to July in
1998 to 2013 on inner shelf
and middle shelf with midsummer hypoxia size. Note
that years 2002 and 2009
were not included in the correlation analysis because 2002
was an extreme ﬂood year
[Justić and Wang, 2014], and
in 2009 strong winds occurred
prior to the hypoxia survey
[Turner et al., 2012; Scavia
et al., 2013]. Monthly mean
Chlars for the months preceding the LUMCON July hypoxic
area measurement had signiﬁcant correlation with hypoxia
size. For the inner shelf, the
months from February to July
had signiﬁcant correlations
with hypoxia. For the middle
shelf, monthly mean Chlars in
June and July had signiﬁcant
correlations with hypoxia. Figure 11b shows the regression
ﬁts between averaged
monthly mean Chlars from signiﬁcant correlation months
Figure 7. (a) Annual mean Chlars on inner and middle shelf from 1998 to 2012; (b) annual
mean of total river discharge; and (c) nutrient concentration from the Mississippi River and
and hypoxia size. Averaged
2
Atchafalaya River (nitrate represents NO2
3 1NO2 ).
monthly mean Chlars from
inner shelf and middle shelf
both explained signiﬁcant variability in the hypoxia size, with R2 of 0.68 (p < 0.01) and 0.49 (p 5 0.043),
respectively. If the 2002 and 2009 values were included, the inner shelf Chlars was still signiﬁcantly related
to hypoxia (R2 5 0.46, p 5 0.048) but the middle shelf Chlars was not (R2 5 0.37, p 5 0.11).

4. Discussion
4.1. Algorithm Performance
Composited Chlars from satellite observations are useful in quantifying long-term (e.g., decadal) spatial and
temporal variability in phytoplankton dynamics over large areas. However, it is not easy to obtain accurate
Chlars retrievals in coastal waters for two reasons. First, optical properties are inﬂuenced signiﬁcantly by
nonphytoplankton constituents such as CDOM and detrital particles. Algorithms not considering such inﬂuences will result in high uncertainty in the retrieved Chlars. One example is in the LCS where high absorption
from CDOM and detrital particles at blue wavelengths results in overestimating Chlars when the traditional
blue-green band ratio algorithms are used [D’Sa and Miller, 2003; D’Sa et al., 2006; Stumpf et al., 2000]. Second is the imperfect atmospheric correction algorithm which results in uncertainty in the satellite-derived
Rrs, particularly in the blue wavelengths (e.g., 412, 443 nm) [Son and Wang, 2012; Le et al., 2013b].
Recognizing the above limitations for turbid coastal waters, this study combined the advantage of red/
green ratio [e.g., Le et al., 2013a, b] for turbid coastal waters and green-blue ratio [O’Reilly et al., 2000] for relatively clear waters to develop a new hybrid Chlars retrieval algorithm (equations (3–6)). The results showed
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Figure 8. (a) Monthly mean Chlars for the inner shelf and middle shelf areas; (b) monthly mean total river discharge; and (c) nutrient concentration from the Mississippi River and Atchafalaya River.

signiﬁcantly decreased uncertainties in the retrieved Chlars as compared with the default OCx algorithms
(Figure 3). Such band ratios have been used previously to improve Chlars retrievals in studies of coastal and
estuarine waters [D’Sa et al., 2006; Pan et al., 2008; Stumpf et al., 2000; Le et al., 2013c]. The novelty of the
hybrid algorithm is that it may be used for all water classes and there is no apparent artifact, i.e., sudden
changes in Chlars, in the image quality when the algorithm switches from one to the other (Figure 4). Yet it
is clear that the hybrid algorithm still yields relatively high uncertainty (40% for clear waters and 60% for
more turbid waters). This uncertainty may be attributable to several factors. The ﬁrst is the difference in
measurement times between in situ and satellite overpasses [Chang and Gould, 2006]. We used the matchup window as 624 h but observable changes may occur in the water column during that time. The second
is the difference in the spatial scale of the satellite observation (representing on average 1 km2) and the
point measurements. The third is the uncertainty from the imperfect atmospheric correction, which affects

Table 1. Results of Linear Regression Analysis Using Different Independent Variables to Model Inner Shelf and Middle Shelf Monthly
Mean Chlarsa
Model
Inner Shelf
1
2
3
Middle Shelf
4
5

Equations

SE

Df

R2

F

P

Chlars 5 1.3 3 1024*Q
Chlars 5 1.75 3 1024*Q-0.032*PAR118.15
Chlars 5 1.61 3 1024*Q-0.036*PAR10.33*TP115.92

2.72
1.86
1.8

184
184
184

0.2
0.62
0.64

44.48
145.46
108.79

<0.0001
<0.0001
<0.0001

Chlars 5 4.68 3 1025*Q11.01
Chlars 5 5.15 3 1025*Q-0.0036*PAR11.94

0.55
0.51

184
184

0.44
0.54

134.27
97.35

<0.0001
<0.0001

a
Note: Q represents monthly mean river discharge, PAR represents photosynthetically active radiation, TP represents total phosphorus concentration, and SE represents standard error.

LE ET AL.

C 2014. American Geophysical Union. All Rights Reserved.
V

7457

Journal of Geophysical Research: Oceans

10.1002/2014JC010084

Figure 9. Pixel by pixel correlation analysis between monthly mean Chlars and monthly mean (a) river discharge, (b) wind speed, (c) PAR, (d) SST, (e) nitrate concentration, and (f) total
phosphorus concentration. The color bar represents the Pearson correlation coefﬁcient value (r).

the satellite-based algorithm performance. Although we used longer wavelength to minimize the atmospheric correction artifacts, there are still issues at these wavelengths [Son and Wang, 2012]. Other sources of
uncertainty may be the confounding effects of CDOM and detritus in resolving chlorophyll-a from image
products [D’Sa and Miller, 2003]. CDOM and detritus play important roles in total absorption at blue and
green bands which were used in the hybrid algorithm and hence affect the accuracy of the algorithm.
Nevertheless, our hybrid algorithm outperforms OCx algorithms developed for the global ocean, which
have an uncertainty of 60% even for open-ocean waters [Gregg and Casey, 2004].
4.2. Factors Influencing Chlars Variability
The high correlation between river discharge and Chlars on the inner and middle shelf (Figure 9a) is not a
2
2
surprise because NO2
3 and TP loading were related to river discharge in this study (R 5 0.80 for NO3 load
2
and R 5 0.87 for TP load). When we used nutrient loading in the correlation and regression analyses, we
obtained almost identical results as when using river discharge. This afﬁrms that riverine nutrient loading
plays an important role in regulating phytoplankton biomass in these areas [Rabalais et al., 1999, 2002].
However, river discharge also affects phytoplankton biomass through inﬂuencing buoyancy ﬂux and
stratiﬁcation [Cloern, 1984]. Further work is needed on this shelf to tease apart the effects of nutrient
loads and buoyancy ﬂux/stratiﬁcation. The correlation pattern with wind (Figure 9b) agrees with earlier
studies [Green and Gould, 2008]. The positive correlation on the outer shelf may indicate that mixing of
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nutrient-rich waters from below the main
pycnocline plays a role in regulating phytoplankton dynamics in that area. The
negative correlation with wind around
the Mississippi River plume may be due
to resuspended sediment in the shallow
waters [Salisbury et al., 2004] or a deepening of the surface mixed layer, both of
which potentially reduce the overall light
availability to the phytoplankton community. Light limitation in the plume area
[Lohrenz et al., 2008] may be the reason
for the positive correlation between PAR
and Chlars around the Mississippi River
plume area (Figure 9c). PAR had a negative correlation with Chlars on the western
LCS. This could be due to nutrient
Figure 10. Comparison between monthly mean Chlars and those from a multivariant regression model for inner shelf and middle shelf areas. Model 3 and
limitation or could result from correlation
Model 5 in Table 1 were used for inner shelf and middle shelf, respectively.
with other seasonal variables like wind
and SST (Figures 9b and 9d). For example,
PAR negatively correlated with wind (r 5 20.54, p < 0.01), and positively correlated with SST (r 5 0.8,
p < 0.01).
SST had a signiﬁcant negative correlation with Chlars over almost all the study area (Figure 9d). SST varied
predictably with minima in winter and maxima in summer. In contrast, Chlars usually peaked in late fall to
winter (Figure 8a) and thus was negatively correlated with SST. This appears to be partially caused by the
opposite seasonal trend of SST and river discharge such that SST is greatest in the late summer when river
discharge is declining toward a fall minima (Figure 8b). This was supported by the signiﬁcantly negative correlation between SST and river discharge (r 5 20.3, p < 0.01) in this study. Higher summer SST also directly
results in biological processes that may lower Chlars standing stocks. These temperature-related processes
likely include enhanced phytoplankton respiration that reduces net growth rates, increased grazing by zooplankton, and changes in phytoplankton community structure associated with changing nutrient, temperature, and grazing regimes. A similar correlation between SST and Chlars was also observed by Green and
Gould [2008] in the same area.
Riverine nitrate concentration (Figure 9e) had a positive correlation with Chlars in the Mississippi River
plume area. This result was consistent with previous studies based on both in situ and satellite observations
[Lohrenz et al., 1997; Walker and Rabalais, 2006; Lehrter et al., 2009; Green and Gould, 2008]. Riverine TP concentration (Figure 9f) exhibited positive correlation with Chlars all along the inner and middle shelf. These
patterns were consistent with results suggesting phosphorus’ important role in regulating phytoplankton
dynamics on this shelf [Sylvan et al., 2006; Quigg et al., 2011].
Green and Gould [2008] found that phytoplankton absorption was positively correlated with all six of the
environmental forcing variables shown in Figure 9 with the exception of wind speed in the inner shelf area.
However, the spatial variations of correlation coefﬁcients in this study suggest that phytoplankton dynamics
in the eastern and western parts of the LCS are inﬂuenced by different factors. On the eastern shelf around
the Mississippi River plume area, Chlars dynamics were mainly explained by river discharge, nitrate and TP
concentration, PAR, and wind speed. On the western LCS, Chlars variability was related to river discharge
and TP concentration. Differences between the current study, and Green and Gould [2008] were likely
caused by differences in bio-optical algorithms for chlorophyll-a versus phytoplankton absorption, as well
as differences in the length of time series analyzed.
4.3. Implications for Hypoxia Prediction
Our results imply that both inner shelf and middle shelf Chlars may be good predictors of hypoxia size due
to their signiﬁcant relationships, thereby, supporting the conceptual model that increased nutrient loads
(discharge and concentration) results in enhanced phytoplankton biomass, which, in turn, contributes to
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the increased incidence of hypoxia [Justić
et al., 2002; Rabalais et al., 2002). The
inner shelf monthly mean Chlars from February to July can explain 70% of the variability in the midsummer hypoxia size,
and middle shelf Chlars in June to July can
explain 50% of hypoxia size variability in
the 14 years (1998–2013, excluded 2002
and 2009). The connection between inner
shelf Chlars and the spatially offset
hypoxia is presumably due to offshore
transport of the inner shelf-derived
organic matter [Fry et al., 2014]. If we combined inner and middle shelf, Chlars still
explain 65% variation of hypoxia size variability. For the ﬁrst time, these results
quantitatively support the idea that the
highly productive inner shelf along the
entire Louisiana coast is a major source of
the organic matter contributing to system
metabolism and oxygen depletion [Murrell
et al., 2013b; Fry et al., 2014].
The correlation between Chlars and
hypoxia has been evaluated previously.
Leming and Stuntz [1984] and D’Sa [2014]
both reported positive correlations
between Chlars and hypoxia size on the
LCS, however, they did not quantify their
relationship. Walker and Rabalais [2006]
previously analyzed the relationship
between satellite-observed Chlars and bottom water oxygen dynamics at a single
location on the eastern shelf and found
Figure 11. (a) Correlation between hypoxia and monthly mean Chlars on the
no relationship, likely because of the spainner shelf and middle shelf; (b) relationships between hypoxia size and averaged monthly mean Chlars from months with signiﬁcant correlation on inner
tial mismatch between where the maxishelf (from February to July) and middle shelf (from May to June). Every point
mum phytoplankton biomass occurs
represents an individual year between 1998 and 2013, where the abnormal
(inner shelf) and where hypoxia occurs
years of 2002 and 2009 are annotated in black.
(middle shelf). To our knowledge, the current study is the ﬁrst time a quantiﬁed relationship between Chlars and hypoxia size was presented based
on such a long (16 year) time series data record.

5. Conclusions
Using data collected extensively from the LCS from both ship-based and satellite measurements, this study
developed a new hybrid Chlars retrieval algorithm that was superior to existing ocean color algorithms for
Chlars. Applied to MODIS and SeaWiFS imagery of the LCS, an unprecedented spatial and temporal data set
of Chlars was developed for exploring relationships with environmental forcing factors. The stepwise regression model indicated that river discharge (nutrient loading), PAR, and TP concentration were the most
important factors affecting Chlars over the hypoxia area (i.e., inner shelf and middle shelf), while nitrate concentration, wind speed, and SST played limited roles in this area. The study also revealed different primary
factors related to Chlars variability on the eastern and western inner and middle shelf. We found that Chlars
on both the inner shelf and middle shelf areas had good relationships with the hypoxia size. However, we
caution that these ﬁndings are based on statistical methods, and that the correlations and regression models may not represent the underlying causal mechanisms. In summary, the ﬁndings here demonstrate that
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time series derived from ocean color satellites provide valuable insights into phytoplankton dynamics in
coastal waters and can provide scientists and environmental managers with unprecedented data sets for
understanding spatial and temporal variability in Chlars, factors driving this variability, and relationships to
hypoxia.
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